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Introduction
The effectiveness of a supply chain is strongly associated with the quality and competence of a country's core-logistics service providers. One such service provider is a seaport, which plays a very important role in a supply-chain network, Islam et al. (2013) since it is a hub for most domestic and international trade. Thus, a port's performance will very directly impact on the overall performance of a supply chain.
Over the years, the volume of freight traffic has gradually increased. UNCTAD reported in 2015 that global containerized trade was estimated to escalate by 5.3 per cent and reach 171 million TEUs (twenty foot equivalent units) by 2014, Asariotis et al. (2015) . This increase is likely to continue at a moderate pace in 2015. In the meantime, the number of giant vessels having a loading capacity of greater than 10,000 TEUs was expected to surpass 200 before 2013, Kim et al. (2012) . This overall condition compels ports to increase their throughput capacity and, at the same time, improve their performance and efficiency, via optimal planning and scheduling, minimization of tardiness and improved container handling.
Paraphrasing Bichou (2014) , port performance and benchmarking can be categorized into three broad views : performance metrics and productivity index methods, frontier methods, and process approaches. Evaluation of port performance Figure 1 . Container Handling Process (taken from ) and its operations has received considerable attention from many researchers and has encompassed many aspects from high-level measurement (Yeo and Song, 2003; Yeo et al., 2008; Yap et al., 2011, operational level Laik and Hadjiconstantinou, 2008; Chao and Lin, 2011; Eskandari et al., 2013; Prastyabudi and Bae, 2015) and port risk and security as well (Ding and Tseng, 2012; Yang et al., 2014) . Most of the studies completed thus far have pertained to port evaluation in terms of high-level competitiveness or particular operations.
Moreover, among three categories of port performance and benchmarking, only a limited number of studies have employed the process approach, presumably owing to its reliance on intensive data and expert judgment, both of which are subject to or vulnerable to inevitable and varying degrees of randomness, subjectivity and vagueness, Bichou (2014) . Data availability, fortunately, is not the main obstacle, as most port terminals have been equipped with information technology with which every activity is recorded in support of daily operations. Such data nonetheless, growing ever larger, are still not utilized appropriately and occasionally lack context awareness. Hence, appropriate data visualization is important in order to understand data better and aid the human cognitive process Fekete (2008) , so that insights (e.g., trends, discrepancy, behavior, patterns, etc.) can be yielded that prove useful to experts in the performance of their assessments.
This rationale, together with the evidence obtained and reported thus far, inspired us to carry out research regarding lower-operational-level port evaluation by means of the process approach. In our initial work, we established an interactive evaluation protocol that facilitates the end user's evaluation process Prastyabudi and Bae (2015) . However, port operations evaluation in consideration of the overall process remains, due to its complexity, non-trivial work. Accordingly, this study proposes an approach to carry out an evaluation of lower-operational-level port operations based on the process approach by classifying activity flow using heat matrix and fuzzy inference. The solution of the proposed approach is implemented based on the BAB framework and has been validated via a case study involving a real port operational data.
The reminder of this paper is structured as follows. Section 2 describes the literature review; in particular, it discusses port terminal operations, port evaluation, and notions of how to utilize such large operational data, and the fundamental fuzzy concept. Section 3 presents our proposed methodology consisting of five sub-section. Section 4 explains an empirical case study. Finally, Section 5 concludes by summarizing the empirical results and identifying several directions for future work.
Literature Review

Port Operations
Ports are critical nodal interfaces where maritime transport connects with other modes of transport and where the attendant trading, distribution and logistics activities take place Bichou (2014) . Within a single port, different terminals can share similar infrastructure (e.g., quay structure, wharf, jetties, dredging). Nevertheless, a terminal often is divided into three main parts, namely the quay, yard, and gate site Bichou (2014) . <Figure 1> portrays the typical site division and operation within a port terminal. Routine operations in a port terminal are discharging and loading, which proceed in opposite directions.
The discharging operation is commenced once the container ship is berthed at the wharfside. The quay crane is obligated to move the vessel's containers to designated transporters (e.g., trucks, automated guided vehicles (AGVs)) that transfer them to the yard site. The container handling operations that proceed in the yard are classified into horizontal transport and storage/stacking, which are handled by a truck or AGV and a yard crane or reach stacker, respectively. Inside the yard, a container may be transferred from one yard block into another one, which operation is known as shuffling. Finally, the operation is terminated by forwarding the container on to the customer through the gate. AHP Yeo et al. (2008) Performance metric Yap et al. (2011) Performance metric Hsu et al. (2015) AHP, Fuzzy Eskandari et al. (2013) Simulation Prastyabudi and Bae (2015) Process mining This study Process mining, FIS By contrast, the loading operation proceeds in the opposite direction, starting from the gate site after the transporter (truck or train) moves into the port area. A container will be delivered to a particular yard block area, and will then be stacked there by a yard crane. Thereafter, at the yard site, a container might undergo further handling such as plug-in or plug-out of the reefer. Finally, it is transported again to the quay site where it is picked up by a quay crane for loading back onto the vessel and subsequent shipping. Another operation, called transshipment, entails transference of a container from one mode of conveyance to another with only temporary storage in the yard, such that the container never passes through the gate. This type of container is known as a transit container.
Port Terminal Evaluation Strategies
As aforementioned, a port system comprises complex operations and employs a great variety of interrelated equipment; evaluation of the entire process, therefore, even at a higher level, is necessarily intricate and complicated. Herein, we review several related studies on port and container terminal operations evaluation (see <Table 1>). Port terminal operations evaluation can be classified into three components : port competitiveness, evaluation of risks and threats, and evaluation of infrastructure (e.g., quay, yard, and gate site) and operations. Yeo and Song (2003) carried out a study pertaining to evaluation of ports in terms of competitiveness. They proposed an analytic hierarchy process (AHP) methodology based on four measurement criteria : cargo volume, port facility, port location, and service level. They found that port location and cargo volume, respectively, play a significant role in determining port competitiveness. Conversely, Yeo et al. (2008) argued that the determinants of port competitiveness have shifted from hardware and labor to software and technology. Additionally, Yap et al. (2011) introduced a comprehensive framework for evaluation of inter-port competition with regard to both vertical and horizontal dimensions. Particularly for high-level port evaluation, this framework provides a baseline model for container terminal operators' exploration of potential strategies for improvement of their overall competitive advantage.
In respect of port risk and security, Ding and Tseng (2012) evaluated safety operations at Kaohsiung Port (Taiwan)'s container terminals. They employed fuzzy risk assessment for 16 risk factors' frequency of occurrence and severity. Although risk management strategies are provided in this study, they did not include any analysis of risk management costs and benefits. Yang et al. (2014) demonstrated an assessment of port facility security and conducted a cost-benefit analysis of security control measures. Similarly to port competitiveness, port risk and security evaluation also is characterized as high level. Both are essential to the enhancement of port performance and quality of service, especially in cases where the objective is to provide management with a very broad outlook for more effective formulation of strategic aims.
Regarding low operational level evaluation, Laik and Hadjiconstantinou (2008) mimicked a real operation by means of a discrete event simulation approach in order to evaluate different operational plans within the yards. The same methodology was implemented by Eskandari et al. (2013) in order to assess three different berth scenarios, namely random allocation, length-based allocation, and draft-based allocation. They found that length-based allocation performed best, as it improved non-value-added times and completed jobs as well. Building a simulation model for emulation of real operations, however, is quite complicated, all the more so when involving several scenarios. Simulation is usually described as a "what-if" approach to the comparison of alternatives in determining the best, most feasible solution Bichou (2014) . Additionally, using simulation, we might not be able to see clearly what really happened on the ground to cause an underperformance. Chao and Lin (2011) proposed an evaluation method for quay cranes (QC) that selects the most suitable QC to meet the given terminal requirements. In our prior work Prastyabudi and Bae (2015) , meanwhile, we derived and proposed an interactive heat-map matrix for container handling process evaluation. Though the proposed approach offers convenience in assisting domain experts' assessments of their processes, it merely assesses processes crisply using strict classifications (good, bad, and neutral). In the present study therefore, we undertook to improve the evaluation framework and, thereby, enable obtainment of more comprehensive and credible results, by tackling the problem of the subjectivity and imprecision that are incurred in individual judgments.
Exploitation of Operational Data
Most ports are already equipped with information and communication technology (ICT) with which they can exchange, process and store huge amounts of data quickly and efficiently in support of their operations. The terminal operating system (TOS) is one of the software platforms designed for planning, execution and control of terminal operations within a port. NAVIS, COSOMS, and CITOS, additionally, are commercial software products that are widely utilized for container terminal planning and management Bichou (2014) . Another platform, namely electronic data interchange (EDI), is a system for exchange of information and communication with customers and other, extra-port parties.
Inevitably, data generated by TOS and EDI systems grows ever larger. Notably, in the current internet of things (IoT) era, where there are increasing numbers of wireless sensors being deployed, the growth of data generated will increase exponentially. According to Cisco (2015) , annual global IP traffic will pass the zettabyte (1,000 exabyte) threshold by the end of 2016, and will reach 2 zettabytes per year as early as 2019. Those so-called big data are wasted unless we exploit and gain values from it to support business processes and provide better service to customers.
Thus far, a number of studies have investigated the leverage of big data in logistics chains (Zuidwijk, 2015; Zhang and Cheng, 2016) . They have all emphasized that the value of big data is gained via collaborative efforts among stakeholders. In respect of container transport, Zuidwijk and Veenstra (2014) determined that a collection of just a little more information, if properly utilized, could make for significant improvements in current processes. However, it is considerably difficult to process, analyze, or extract such value-added information from sufficiently large data.
The major obstacle presented by data growth is neither the data itself nor the technology. And yet, insufficient understanding of data and how to use the results of its analysis to improve business processes remains as a primary issue in the field of big data. Concerning port operations, it seems to be an obligation for ports to unveil the latent knowledge or operational behavior gleaned from recorded operational data. The process mining technique, first introduced by Weijters and Aalst (2001) , can be utilized to extract hidden knowledge from event log data and to discover, on that basis, a workflow process model.
The practice of process mining has been exemplified in several studies and various disciplines from health care to manufacturing. One example of its application in the health care field is the study carried out by Rebuge and Ferreira (2012) , who analyzed a business process including a normal process, organizational behavior, and exceptional cases. Lee et al. (2013) illustrated the employment of the process mining approach in the shipbuilding industry. And in a study relevant to port logistics, demonstrated the use of a process mining method combined with the Bayesian network to analyze tardiness in a container handling process.
Fuzzy Set Theory and Fuzzy Inference System
The real world, full of complexity, randomness, ignorance, and imprecision, is a world of uncertainty. This is why modeling a real-world problem into a computation model is non-trivial; indeed, computers do not, at least not yet, possess the capacity for thinking and reasoning that humans do. Fuzzy set theory, originally introduced by Zadeh (1965) , attempts to redefine classical set theory. It provides a theoretical framework in which uncertainties and reasoning approximating human logic are accommodated in a mathematically computable model.
In classical set theory, an individual element either belongs to or does not belong to a set with a crisp and precise boundary. Thus, an element is not allowed to be, simultaneously, both a member and not a member of a set. A set can be described in various ways : by enumerating its elements, by definition of some condition (e.g., A = {x ∈ N|x ≤ 5}), or by defining a membership function in which 1 indicates membership and 0 non-membership. Fuzzy set, notably, extends classical set theory by allowing various degrees of membership for each element of a given set.
Figure 2. Fuzzy Inference System
Definition 1. Let X be the universe of discourse, and x be a particular element of X; then, a fuzzy set A may be defined as
where   is the membership function that maps X into the membership space, and    is the grade of membership (also known as the degree of compatibility) of x in A, Zimmermann (2012) .
Approximate reasoning using fuzzy logic proceeds in two phases: evaluation of the rule antecedent (the IF part) and application of the result to the consequent (the THEN part). However, the evaluation differs from classical logic wherein both the antecedent and the consequent have a crisp and rigorous truth value. Whereas in the fuzzy reasoning system, if A is true to a certain degree, then B is true to a certain degree as well, such that those degrees can be evaluated using a corresponding membership function, Ponce-Cruz and Ramírez-Figueroa (2009) . The general fuzzy rule is structured according to the following Definition 2.
Definition 2. Let A and B be fuzzy sets. The canonical form of the fuzzy IF-THEN rule is expressed as
ℜi : IF x i is A i AND ⋯ AND x n is A n THEN y is B, where x ∈ X (input variable) and y ∈ Y (output variable).
Likewise, fuzzy logic's aim is to incorporate human reasoning that is approximate rather than exact, by using imprecise propositions based on fuzzy set theory. It is a versatile tool for the modeling of problems that are difficult and intractable analytically. To deal with imprecise yields by approximate reasoning, fuzzy logic inference can be employed. <Figure 2> depicts the fuzzy inference system (FIS) consisting of three main components : Fuzzification, Inference, and Defuzzification.
First, a crisp set of input data is transformed into a fuzzy set using linguistic terms and membership functions. This process is known as fuzzification, wherein choosing a membership function plays an important role in modeling the input and output of the system. Second, an inference is performed by evaluating a set of fuzzy rules that are in an antecedent (input variable)/consequent (output variable) relationship. Those rules are constructed in "IF-THEN" form, as implied in Definition 2. Finally, as the output of the inference process is a fuzzy number, it should be transformed, to obtain the crisp value, so that it has a numerical meaning. This process is called defuzzification.
Proposed Evaluation
In this section, we shall elucidate our proposed approach in order to achieve the goals of this study. The proposed methodology consists of four consecutive phases. These are data pre-processing, processing of sufficiently large operational data, heat matrix visualization, and fuzzy evaluation. The first three phases are intended to tackle the intensive data issue. The final phase is intended to incorporate the vagueness, imprecision, and subjectivity incurred in individual judgments. The details of each phase are described as follows.
Data Pre-Processing
It is impossible to extract knowledge or insight from raw data without a proper structure. Therefore, we need to perform pre-processing and transform the raw data into an event log structure. To be able to comprehend an event log, we formalize several notations. Aalst (2011) has identified the challenges presented when extracting event logs : correlation, timestamps, snapshots, scoping, and granularity. Moreover, automatically collected event logs are semantically poor, as they basically consist of the container identifier, position, status, and timestamp Prastyabudi and Bae (2015) . Data quality also plays an important role here. Poor-quality data, such as that which contains too many null or incomplete datum, semantically irrelevant entries, inconsistent entry formats, and incorrect timestamps, will render extraction of proper and relevant knowledge difficult. Hence, those noisy data will be eliminated from further consideration.
Definition 3. (Event) Let
In this study, it was assumed that our main interest is in the container workflow perspective. Hence, the container serial number will be a case ID, and that any job or task performed upon it will be identified as an activity, such that a particular activity relating to a container at a certain time is defined as an event. <Table 2> shows an event log fragment from a container handling process in a port operation. Take as an example, container  . which undergoes discharging at the quayside at 2014-01-18 09 : 49 and is considered as a single event. The subsequent five events associated with container   can be considered as one process instance, often referred to as a case.
Dealing with Big Data
UNCTAD reported that the largest terminal operator handled about 65.4 million TEUs in 2014, which was a 5.5% increase from the previous year Asariotis et al. (2015) . Moreover, a container has to undergo numerous handling activities immediately after it comes into the terminal until it is loaded onto the vessel or is moved out through the gate, Kim et al. (2012) . Let us assume that a single container undergoes more or less five handling activities in the port. Then, the generated data would be approximately 327 million records per annum. Such a huge amount of data would not be process-able straightaway by a standard computer Prastyabudi and Bae (2015) . Processing enormous amounts of data, for example an event log, is a challenging and exhausting task as well. Accordingly, it was considered as one of the issues in this study to be tackled in order to fully understand such data.
We employed the Map-Reduce technique to handle largescale data processing. Map-Reduce is widely known as an effective approach for processing and generating large data sets in distributed environments Dean and Ghemawat (2008) . Thus far, a number of studies have demonstrated the use of the Map-Reduce technique to cope with the challenges brought about by the exponential growth of data Liao et al. (2013) ; Gui et al. (2014) . In our previous work, we experimented with synthetic data consisting of 500,000 cases containing up to 7.5 million events in four Hadoop clusters, and the result could be obtained in less than 2 minutes, Prastyabudi and Bae (2015) . if proceed is true then 9:
end if 12: end for 13: end procedure 14:
According to the BAB framework, the Map-Reduce algorithm is employed in the analytics layer, in which the BAB framework consists of three major layers : the storage layer, analytics layer, and presentation layer . The programming model of Map-Reduce decouples a programming logic into two functions, map and reduce. First, the event repository is split into several partitions, each of which is sent to a different worker. This step is called the mapping function. Second, the combiners will integrate and shuffle the intermediate output based on its key. Third, and finally, data having the same key are aggregated by what is called the reducer function, which afterwards writes out the final output.
Algorithm 2 MapReduce Job
Input: Event Log L Output: Tuple <SA, TA, HM> 1: procedure Run Job(L) 2:
for each  ∈ do 8:
     →     
10:
if  not contains        then 11: Algorithm 1 and algorithm 2 depict the complete MapReduce procedure used in this study. There are two inputs for the functions, which are case, denoted c, and period, denoted k, which is optional. In the map function, a <key, value> pair is emitted by <(     ), count>, however, the calculation of count must consider that      . If the period value is supplied, and suppose that the data covered l number of periods, this means that the data is sliced into l number of periods, so that every event must be examined to determine which period it belongs to. Subsequently, in the reduce function, the count value, which has the same key (     ), is summed to be the final frequency. The output of the Map-Reduce job is a tuple (SA, TA, HM) compressed into one JSON (Javascript Object Notation) file, after which it is sent to the presentation unit on the client side and visualized as a heat matrix.
Heat-Matrix Visualization
The remaining challenge of the intensive data issue is presenting a large data set in an intriguing visualization to illustrate the salient features of the data. By this means, users are captivated to perceive the data and are encouraged to obtain additional insights from it. Proper visualization will help users to adapt well in order to efficiently browse large sets of information and to be able to perceive, thereby, what is deemed relevant to a specific moment. Moreover, Fekete et al. (2008) acknowledged as well that such visualization is much more effective than statistics in showing the differences between datasets. Information visualization is considered to be one of subfields of statistics, particularly Exploratory Data Analysis, which performs analysis using visual methods to acquire insights embedded in the data Fekete et al. (2008) . In order to make the presentation more aesthetically pleasing, Lau and Moere (2007) proposed a so-called domain model composed of the three elements data, aesthetic, and interaction, as a guide when developing visualization. Herein, we put more attention on intrinsic data focus, particularly on transforming abstract data into an appealing interface and augmenting interactivity by means of visualization techniques. Intrinsic data focus aims to facilitate insights into data by employing cognitively effective visual mapping, by which users are allowed to discover useful patterns such as trends, discrepancies, outliers, and clusters Lau and Moere (2007) .
By means of process mining, we are able to extract the process model as it is actually executed. <Figure 3> shows a container handling process model discovered by means of a heuristic algorithm Weijters, Aalst et al. (2006) developed based on the frequency of event occurrence and the relations between them. The node represents an activity carried out by particular equipment or machines, whereas the arc represents the flow or transition between activities (e.g. discharging job at quayside was followed by discharging movement). This activity flow is then defined in Definition 5. Meanwhile, the color density represents the frequency of activity (node) and the frequency of activity flow (arc), respectively, as a darker color indicating a higher value.
However, it is extremely complicated and tiresome to undertake evaluation when the process model is spaghetti-like. Instead of performing an evaluation over the process model, therefore, the matrix form is aptly suitable for visualization of the flow or transition of activities. <Figure 4> shows an illustration of a heat matrix wherein the rows are source activities and the columns are target activities. Each cell represents the flow or transition of the corresponding activity. Meanwhile, its color density represents the ratio on a scale of 0 to 1, calculated by Eq. (1), wherein a darker color indicates a higher value. In our initial work Prastyabudi and Bae (2015) , we implemented such a heat matrix; however it still has several limitations, such as unclear distinction between empty and nonempty flows and the lack of any zoom in-out feature. Herein, we attempt to improve it and augment a new feature to slice the matrix into several periods (i.e., by shift, weekly, monthly, seasonally, etc.). By slicing into different periods, it is intended to capture the behavior of a business process over period changes. For instance, we can recognize that during the winter season, a particular process becomes infrequent or becomes longer in duration than in the other seasons. Accordingly, we are able to assess the process thoroughly over the periods.
The Map-Reduce output (tuple <SA, TA, HM>) is, then, visualized as a heat matrix based on algorithm 3. Moreover, it is developed in a web-based graphical user interface environment that enables conveniently access for users via their favorite browser, without any installation. 
Fuzzy Evaluation
Recall that in Section 2.4, it was explained that fuzzy evaluation is a well-known approach to modeling imprecision and uncertainty of data. Another advantage that can be obtained is that we can implement the "rule of thumb" or best practice based on expert knowledge, experience, and intuition Zimmermann (2011) . In this paper, we propose the following two different modes of evaluation. 1. Unified evaluation : The evaluation process will be carried out by using only a single matrix without being slice into several periods.
Partial evaluation :
The domain expert will be allowed to slice the matrix into several periods and enabled thereby to conduct the evaluation thoroughly. Basically, the evaluation process is conducted by assigning such a rating value, in the range of [0-1], to each cell of a heat matrix. The expert should thoroughly determine this rating according to whether the particular activity flow conforms with or deviates from the standard operating procedure, based on his experience and knowledge. It is assumed that every single cell of the heat matrix, which represents the activity flow from source to target activity in the form of the frequency of occurrence (  ≠ ∅), has a good membership with its rating, unless its rating is assessed by experts.
In this paper, we introduce a new set of linguistics grades such as {excellent, good, fair, poor, very bad} as a substitute for the existing deterministic evaluations. Linguistic terms have a strong qualitative connotation, and as such are intuitively easy to apply in expressing the subjectivity and imprecision of the decision maker's assessment Yeh and Chang (2009) . Additionally, we employed the triangular membership function as it has been widely used and proven for modeling expert judgments, owing to its simplicity in both concept and computation. The theoretical argument supporting the use of the triangular membership function is well presented by Pedrycz (1994) . The triangular membership function is often denoted as follows :
where parameter b is the most probable (modal) rating, and parameters a and c are the lower and upper bounds, respectively.
The input object is activity flow which contains two features that are the rating of activity flow (input 1) assessed by experts and the frequency of activity flow (input 2) in normalized value [0-1] range (see Definition 6.). The linguistic grades for rating and frequency is divided into 5 and 6 grades, respectively, which are derived from Yang et al. (2014) (see <Table 3>).
Algorithm 4 Fuzzy Evaluation
Input: Assessment Data =       where i     ⋯   and     ⋯   Output: Set of grade scale {Q} 1: procedure Evaluation(AssessmentData) 2:
for each    ∈ AssessmentData do 3:
end for 5: end procedure
The output, meanwhile, is the class of activity flow divided into 5 linguistic grades i.e. excellent, good, fair, poor, and very bad. The membership functions for each class are newly introduced in this study. Finally, the fuzzy inference process will map the input features into output class using set of knowledge based fuzzy rules. Algorithm 4 below depicts the FIS evaluation procedure.
(1) Unified Evaluation Mode The evaluation process in this mode is carried out using a single heat matrix only. The systematic procedure of unified mode evaluation can be described as follows.
Step 1. Establish fuzzy evaluation.
Each cell, which represents activity flow, is compared with the flow in the predefined process model. Since there are multiple experts performing the assessment process, their ratings might vary; thus it is necessary to accumulate their assessment ratings prior to the inference process. Let    be a fuzzy triplets number          towards the rating of activity flow from source activity     ⋯   to target activity     ⋯ . To determine those triplets numbers from s experts is given as 28 Wahyu Andy Prastyabudi․Taufik Nur Adi․Hyerim Bae
where         ⋯    are the ratings of activity flow from source activity     ⋯   to target activity     ⋯ , as given by the domain experts       ⋯  . In respect of parameter b, we utilize the geometric mean instead of the arithmetic mean, because the former guarantees consistency while aggregating a sufficiently large group size. Moreover, the geometric mean is best suited to the synthesis of individual judgments obtained from the pairwise comparison process Yeh and Chang (2009).
Step 2. Calculate final ratings.
In this step, the fuzzy triplets number for activity flow is required to be converted back to the crisp rating value as an input of the inference system. We employed graded mean integration, proposed by Chen and Hsieh (1999) , to obtain the final rating of activity flow, which is given as
where   is the final rating of activity flow from the i-th source activity to the j-th target activity. On the other hand, the second input (i.e., frequency of activity flow) is not accumulated across the domain experts, as it is equally obtained from the log data.
Step 3. Construct fuzzy rules. 
where   is the grade scale of activity flow (output variable) from the i-th source activity to the j-th target activity. <Appendix Table 1> (refer to Appendix A) shows the set of fuzzy rules which, at the same time, represent the relationship between input features and output class. Take as an example, rule number 1, if the input 1 (rating of activity flow) is assessed as very bad and the input 2 (ratio of frequency) has no occurrence, then the activity is classified as excellent. It may be concluded that as the value of rating and frequency increase, the grade scale of activity flow increases. Conversely, when the rating and frequency decrease, the grade of activity flow decreases as well.
Step 4. Perform the inference process. In this step, the Mamdani inference system is employed, because its characteristics are aptly suitable for evaluation problems, being more intuitive and well suited for individual input. It was first applied to solve a plant control problem by utilizing a set of linguistic rules obtained from experienced operators Mamdani and Assilian (1975) . The Mamdani inference mechanism is given as
where R is the number of rules.
Step 5. Defuzzify the inference result. In this step, we employ the center of gravity (COG) method, which is the most popular method, offering smoothness properties for obtainment of a crisp output. The COG method is calculated as follows :
The final output is the grade scale of each activity flow (transition). Ultimately, we will have the classification of activity flows grouped into five classes similar to the linguistic terms for FIS output : that is, excellent, good, fair, poor, and very bad.
(2) Partial Evaluation Mode Principally, the procedure in this evaluation mode is similar to that in the unified mode. Nevertheless, the heat matrix is sliced into several periods in order to capture a latent activity flow occurring in a particular period, so that each period might be assessed thoroughly. Suppose that there are l period slices; then, we can rewrite the equations in steps 1-5 according to the inclusion of periods.
Let    be a fuzzy triplets number          towards the rating of activity flow from source activity     ⋯  to target activity      ⋯  for period k. The determination of those triplet numbers from s experts is given as : Step 2. Calculate final ratings.
where    is the final rating of the activity flow from the i-th source activity to the j-th target activity for the k-th period.
where    is the grade scale of activity flow or transition from the i-th source activity to the j-th target activity for the k-th period.
Step 4. Perform the inference process.
Step 5. Defuzzify the inference result.
Finally, we will have a classification of activity flows divided into  periods. Afterwards, we can compare the activity qualities among periods.
Model Validation
In this section, a proposed fuzzy model is validated in order to test its robustness. We employ a performance measure called Unbiasedness Criterion (UC) Yen and Langari (1998) . The validation scheme is shown in <Figure 5>, which divides the data set into two subsets : dataset A and B. Additionally, two fuzzy models are constructed these are : FM A and FM B . The FM A is the original model whereas FM B is the reduced model in which its rules are randomly omitted by 20% of the total 30 rules (see <Appendix Table 1>) .
Similarly, the dataset B are randomly omitted by 20% of the total dataset as well. We then compute the output difference of the two fuzzy models for each dataset using the following equation.
where   and   are the size of dataset  and dataset , respectively.   denotes the i-th input data in dataset . Similarly,   denotes the i-th input data in dataset .
The rationale of this criterion measurement is that a good fuzzy model should not be sensitive to the choice of dataset Yen and Langari (1998) . Therefore, the UC value supposed to be low for such a good model. 
Case Study
This section presents a case study using real port operations data to demonstrate the application of the proposed approach. The obtained result were found to provide sensible and actionable insights related to port activity flow that possible to be improved. The data used in the case study consists of, after preprocessing, 18,117 cases and 60,850 events. These data were collected from 12 days of operations. These occupied about 883 block bays, involved 1,244 machines classified into 7 types, and served 57 vessels. We discovered that there were 17 activities, by which 17×17 (289) cells of the heat matrix were yielded, as shown in <Figure 4>.
Ideally the assessment process is carried out by an expert panel; however, in this study, we merely used synthetic data for the rating of each activity flow. In order to validate our synthetic data, the determination of each activity flow class was studied with reference to the predefined classes given by the experts. The predefined class consists of three grades only : bad, fair, and good.
To generate the rating data, we adjust the range of each predefined grade with the fuzzy membership function given in <Table 3>. The rating data is generated using a uniform distribution for each grade according to the following upper and lower bounds : bad [0~0.4], fair [0.3~0.7], and good [0.6~1]. Additionally, the data is randomly generated over eight domain experts (DE) to represent the subjectivity corresponding to their respective individual judgments.
Evaluation in Unified Mode
As described previously, in the unified evaluation mode, we only use a single heat matrix. With this mode, we can observe port operations in the broad perspective, as all data are presented in a single view. <Figure 4> illustrates the heat matrix in the unified mode. From the figure, we discovered 67 cells having a value of occurrence, while the remaining were null. It is apparent that most of the operations are related to discharging (e.g., Discharging Quayside to Discharging Move, Discharging Move to Discharging Yardside) and loading (e.g., Loading Yardside to Loading Move, Loading Move to Loading Quayside) activities indicated with dark color. Meanwhile, the number of activities with the least occurrence, indicated with light color, was only nine: Discharging Yardside to Gate Out, Gate Out Cancel Yardside to Rehandling-2 Yardside, Gate In Yardside to Rehandling-2 Yardside, and so on.
<Appendix Table 2> (see Appendix B) shows the dataset of activity flows discovered by the process mining approach. The ratio representing the occurrence value relative to the maximum frequency is obtained using Eq. (1). Additionally, the table presents the results of individual assessment of the rating of activity flow given by eight domain experts. To obtain the final rating, Eq. (3)~(6) are applied. This rating value, intuitively, shows the weight of importance of each activity flow as well. When its rating is high, then it may be concluded that the corresponding activity flow has a high importance. Afterwards, to obtain the grade of each activity flow, the final rating and ratio of frequency are processed into FIS by applying Eq. (7)~(9).The classification result of all activity flows is illustrated in <Figure 6>. From the data, it can be seen that most of the activities are classified as good or excellent indicated with the dots upper 0.6 of grade scales. There is only a small number of activity flows (i.e. four) of poor and very-bad classes, respectively, indicated with the dots bellow 0.4 of grade scales.
Interestingly, if we compare with the data presented in <Appendix Table 2> , particularly concerning the final ratings from experts, there are many activity flows assessed as poor or even very bad. For example, Discharging Move was followed by Discharging Quayside, by which it was supposed to be in the reverse direction. Nonetheless, the number of occurrence of such activities was relatively small. Thus, it was still classified as good class.
Evaluation in Partial Mode
In the partial evaluation mode, the heat matrix was sliced into four different periods, each of which had a different view, as shown in <Figure 7>. Thus, we were enabled to examine the operations thoroughly across the periods. Herein, each period is divided into shift operations : shift-1(02 : 00~08 : 00), shift-2(08 : 00~ 14 : 00), shift-3(14 : 00~18 : 00), and shift-4(18 : 00~02 : 00).
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Figure 7. Heat Matrix Representation of Activity Flow Sliced Into Four Shifts
We discovered that the number of activity flows in each consecutive shift is different : 48, 46, 50, and 47, respectively. From the figure, it is highlighted that dischargingrelated operations are mostly undertaken in shift-1 and shift-2, while loading-related operations mostly occur in shift-3 and shift-4.
Likewise, the evaluation step is relatively the same in the unified mode. <Figure 8> illustrates the classification result of the activity flows over the four shift periods. The surprising aspect of the data is that in shift-3 and shift-4, which run from noon until night, included more activities (8 and 9, respectively) of less-than-fair grade than did shift-1 and shift-2 (only 7 and 6, respectively). Indeed, shift-4 having 9 less-than-fair activity flows, about 19% of the total transitions, is considered as the worst shift.
<Table 4> summarizes the evaluation result of both modes. The result reveals that most of port's activities still indicate the conformance with the standard operations in both evaluation modes (more than 70\% activity flows beyond the fair grade scale). Nevertheless, several activities' grade of less-than-fair require additional attention for their improvement. These activities are shown in <Appendix Table 3> . 
Validation Result
For validation purpose, we use dataset of unified mode evaluation with two input parameters (rating and frequency of activity flow). To perform validation based on the UC measurement explained in Section 3.5, we generated 5 different datasets each of which was yielded by randomly eliminating 20%, approximately 14 data, of the total 67 data. Additionally, we constructed 3 different fuzzy models, based on the original model, each of which was randomly omitted its rules by 20%, about 6 rules, of the total 30 rules. Suppose the original model and the three reduced models are FM_A, FM_B, FM_C, FM_D, respectively. The original model FM_A was compared to each reduced model consecutively. The validation result obtained from the UC measure calculation are shown in <Table 5>. From the data, we can see that the average UC values are relatively small for all reduced models having average less than 1.3. Interestingly, dataset-1 fairly generated the highest UC value tested for all models. Meanwhile, dataset-5 tested with the model FM_D has the lowest UC value (0.31). 
Conclusion
While most of the evaluation strategies pertaining to ports have been formulated based only on high-level measurement, we proposed a novel approach to the evaluation of port terminals' low-level operations by classifying activity flow using heat matrix and fuzzy inference. By means of the process mining technique, a workflow process model is extracted from event log data. In this way, we are able to investigate how processes are actually executed. The foremost contribution of this paper are as follows. First, we employed Map-Reduce technique to process sufficiently large port operational data. Second, a compelling and interactive visualization (i.e., a heat matrix) of activity flow is developed that can easily and conveniently aid experts in their evaluations. Third, a fuzzy inference system is employed to handle the uncertainty and subjectivity incurred in individual judgments.
Additionally, we proposed two different modes of evaluation : unified and partial. The unified mode offers a broad view of operations, while the partial mode offers a detailed view over periods, thereby enabling experts' more thorough evaluation. An empirical case study on a real port data showed that the proposed method has practical relevance and can provide useful actionable insights towards the domain experts. We found that the activity flow classification result can be used as a reference for further process improvement.
Further research should investigate the entities involved in the activity flows which classified as poor and very bad. These entities include vessel, machine, block bay etc. So that, we can observe whether a poor activity occurred from the same entity. Aggregating the output (grade scale) of all activity flows will permit a comprehensive view of the overall process. Moreover, deriving the classification result to the competitiveness level could become a significant evaluation indicator of port terminal.
Giving more input parameters such as duration and cost can yield more realistic output. Indeed, by adding more inputs the formulation of fuzzy rules will be much complex. The investigation on fuzzy parameters e.g. membership functions, defuzzification method, is therefore necessary to probe the suitable settings of the inference system.
<Appendix A> Fuzzy Rules
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